BACKGROUND Socioeconomic circumstances during infancy and in early childhood shape later developmental opportunities. Understanding whether inequality in children's health becomes stronger with age from the evidence of longitudinal data is an important first step in revealing the mechanism by which the intergenerational transmission of poverty takes place and evolves.
Introduction
The environments in which children grow up play vital roles in forming their health and human capital development. Children's health is thus heavily influenced by the characteristics of the families into which they are born (Bradley and Corwyn 2002; . A large volume of the literature has shown that children whose parents have lower socioeconomic backgrounds tend to experience worse health conditions than those with parents who have more advantaged socioeconomic backgrounds (Graham and Power 2004; Bradley and Corwyn 2002; Howe, Lawlor, and Propper 2013) . Restricted development in childhood has long-lasting and profound effects on adult health, educational achievement, individual productivity, and life-course income (Strauss and Thomas 2007; Almond and Currie 2011; Alderman, Hoddinott, and Kinsey 2006; Case, Fertig, and Paxson 2005) because childhood is a period of rapid development in key dimensions of physical, cognitive, and psychosocial skills as well as health (Dercon and Sánchez 2013; Himaz 2018; Grantham-McGregor et al. 2007 ). Exposure to poor circumstances during developmentally salient periods may alter the trajectory of health over the life-course. It has been repeatedly emphasised that the first few years of life are crucial for child development, so a poor start in life severely limits children's opportunities to achieve their full health potential. Children from disadvantaged backgrounds tend to be at high risk for a lack of or slow human capital development throughout their entire lives (Haas 2008) , thereby forming a vicious cycle of the intergenerational transmission of poverty, making it harder for marginalised people to find a way out of poverty. Although catch-up in the periods from middle childhood to early adolescence is reported (Fink and Rockers 2014; Crookston et al. 2013; Georgiadis et al. 2017) , the chance of later catch-up is not necessarily equal for all children (Contoyannis and Li 2011) . For example, Schott et al. (2019) , who examine trajectories in malnutrition among youth, find that children who belong to the richest wealth quartile and have more advantaged maternal educational achievement have an advantage in recovering from stunting.
Inequality of opportunity (IOp) is an illegitimate form of inequality whereby causes are not attributable to individual choices (Roemer 1998) . Equality of opportunity is achieved when all children share the same opportunities to enjoy better health, regardless of the circumstances in which they grow up. Around the world, various studies on child health inequality associated with parental socioeconomic status (SES) show evidence that poorer SES is associated with poor child health (Wagstaff and Watanabe 2000; Van de Poel et al. 2008) . However, most of the existing evidence is based on crosssectional data, and little is known about how the trajectory of inequality in children's development associated with early-life circumstances diverges from early in life through to early adulthood. In particular, what is little known is at what age such inequality peaks and whether and how it changes across the developmental stages. Examining the period when the inequality stemming from early-life circumstances emerges and becomes strongest is important to design policy interventions to optimally reduce life-course health disparities.
Development trajectory may, in part, be forged very early in life, and as the environments in which children grow up influence multiple factors in later life, their effects are expected to linger over time (Ben-Shlomo and Kuh 2002; Lynch, Kaplan, and Salonen 1997; Lynch and Smith 2005) . A large volume of studies shows that the socioeconomic inequalities in health widen across childhood with no diminution (Case, Lubotsky, and Paxson 2002; Currie and Stabile 2003; Chen, Matthews, and Boyce 2002; Lundeen et al. 2014) , but this finding is not universal (Chen, Martin, and Matthews 2006; Currie and Moretti 2007; Khanam, Nghiem, and Connelly 2009; Propper, Rigg, and Burgess 2007) . Up till now, there has been no consensus partially because the results in previous cross-sectional studies depend on the geographic setting and the birth year of the study participants (Howe, Lawlor, and Propper 2013) . Understanding if the inequality of opportunity in children's health becomes stronger with age from the evidence of longitudinal data is an important first step in revealing the mechanism by which the intergenerational transmission of poverty takes place and evolves.
This study contributes to the literature by estimating the IOp in child height, which is a proxy of child nutritional development, by using cross-country cohort data that track children born in the 21st century in Vietnam, Peru, Ethiopia, and India. A better understanding of IOp in the life-course is paramount to tackle health inequality and restricted growth. Life-course perspectives on the evolution of inequalities allow us to explore the dynamic link between early-life circumstances and later consequences and to identify the optimal timing in terms of when circumstances and events matter the most. This paper comprises two parts. In the first part, we examine whether there is significant inequality in height growth across different parental and household socioeconomic backgrounds through the clustering approach. Then, in the second part, we estimate how much of the overall inequality in child height is associated with early-life circumstances using the machine learning approach. We then examine whether the inequality attributable to early-life circumstances diminishes over time or is persistent/growing until early adolescence. After this, we predict the child height distribution in the most desirable hypothetical situation, where disadvantages with respect to household and parental SES in early childhood are fully compensated for.
Data

Young Lives
This study uses the datasets of the Young Lives study project, which is a large-scale crosscountry longitudinal study on childhood poverty conducted since 2002 in four countries, namely Vietnam, Peru, Ethiopia, and India. These four countries represent key regions in the low-and middle-income countries and reflect a broad range of social, cultural, political, and geographical contexts (Barnett et al. 2013) . These four countries differ with respect to economic and socioeconomic development over the study period. Figure 1 illustrates per-capita GDP of each country from 2002 to 2016. At the start of the project, Peru had the highest GDP per capita (6,659 USD) and Ethiopia had the lowest GDP per capita (645 USD) of the four countries.
Figure 1:
GDP per-capita transition (PPP, 2011 international $)
Note: GDP per-capita based on purchasing power parity (PPP). PPP GDP is gross domestic product converted to international dollars using purchasing power parity rates. Source: World Bank (2018).
The Young Lives projects follow two age cohorts in each country born in 1994-1995 and 2000-2001 over 15 years. This study focuses on only the younger cohort, which consists of about 8,000 children. The key strength of the cohort study is that it follows the experiences of the same children as they grow up, which allows us to identify dynamic trends of child growth. The Young Lives study currently has five survey rounds, conducted in 2001-2002, 2006-2007, 2009-2010, 2013-2014, and 2016 , when children in the younger cohort were around 1, 5, 8, 12, and 15 years old, respectively. In each sur-vey round, trained field personnel collected detailed data on a wide range of child and household characteristics.
The Young Lives project employed the multi-stage sampling strategy to select children in the respective countries. The first stage selected 20 geographic clusters per country, at random in Peru and based on a number of predetermined criteria in the other countries. The second stage selected about 100 eligible households with a child aged between 6 and 18 months at random within each cluster. In each household, only one child of the target group was recruited. In Peru, Vietnam, and Ethiopia, a nationwide sampling frame was used, whereas in India samples were collected in the state of Andhra Pradesh. Although the samples were not intended to be nationally representative, their wide geographical and ethnic coverage makes them informative of the living conditions faced by the population in each country, making the data reflect the ethnic, geographic, agroclimatic, and religious diversity of the population (Outes and Sanchez 2008; Nguyen 2008; Kumra 2008; Escobal and Flores 2008) . The advantage of the Young Lives data is the low attrition rates in each survey round thanks to extensive tracking (Outes-Leon and Dercon 2008; Barnett et al. 2013 ). In addition, the questionnaire of the Young Lives project has been standardised across populations, which allows us to compare the estimation results across countries.
Child health outcome
The health outcome in this study is child height (cm), which has been used as a proxy of early-life health and nutrition status (Floud 1990) . Different from weight, height reflects long-term nutritional status, and its significant correlation with adult health, development of cognitive and non-cognitive skills, and educational outcomes is reported in various studies Paxson 2010, 2008; Glewwe, Jacoby, and King 2001; Dercon and Sánchez 2013; Sánchez 2017; Duc 2011) . For example, in the case of Guatemala, shorter height in childhood is significantly associated with lower schooling achievement, lower test scores for reading and nonverbal cognitive skills, and lower future economic well-being (Hoddinott et al. 2013) . Although it is not perfect, thanks to its ease of measurement, height works as a useful proxy for nutrition and health in the early years of life (Currie and Vogl 2013) . Child height in the Young Lives project is based on actual measurement of supine length (Round 1) and standing height (Rounds 2-5) using measurements precise to 1 mm. Hence the data do not suffer self-reporting bias. Prior to the analysis, implausible measurements with more or less than four standard deviations from the mean for gender and age in each country were recoded as missing. 2
Early-life circumstance variables
It is important to consider multidimensional household and parental characteristics to capture various aspects of circumstances in which children grew up. In this study, we consider the following eight circumstances that are related to parental and household characteristics during the infant period surveyed in all four countries (Table 1) : (1) housing quality, (2) access to services, (3) consumer durables, (4) maternal education, (5) paternal education, (6) maternal height, (7) household monthly expenditure, and (8) economic and social shock history. As the information about maternal height and household expenditure was not collected in the first survey round, we obtain the information from the second survey round. For the other circumstances, we use the information from the first survey round. As children cannot choose their parents or households, parental and household characteristics are undeniably beyond their control, and so these variables are exogenous in nature from the viewpoint of children. Housing quality, access to services, and consumer durables reflect different aspects of the household's material well-being. Following the Young Lives project guideline (Briones 2017) , we calculate the composite indices for each category. Housing quality measures the welfare of household members related to housing-related comfort. In terms of child health, poor, dilapidated, and crowded housing has been considered to be one of the most important factors in child illness (Bradley et al. 2001) . The housing quality index is calculated as a simple average of the following four indicators: (1a) material of walls, (1b) material of roof, (1c) material of floors, and (1d) household density. 3 Good-quality walls are those made of good-quality materials such as brick, concrete, and stone. Goodquality roofs are those made of concrete/cement, galvanised/corrugated iron, tiles/slate, etc. Good-quality floors are those made of concrete/tile, laminated material, stone, parquet, etc. Housing density is defined by the rescaled value of room per person, ranging from 0 to 1.
Access to services measures the household's ability to satisfy the functional requirements of sound shelter. Again following Briones (2017) , we create its index as a simple average of the following four indicators: (2a) access to electricity, (2b) access to safe drinking water, (2c) access to a safely managed sanitation service, and (2d) access to adequate fuel for cooking. A managed sanitation service means that a household has a flush toilet/septic tank, pit latrine, etc. Adequate fuel for cooking is gas/electricity or kerosene/paraffin.
Consumer durables measures the household's ownership of items commonly found in typical households in each country. The index is a simple average of a set of variables indicating ownership of a long list of items such as a radio, refrigerator, bike, TV, motorbike, motor vehicle, mobile phone, landline, and so on (Briones 2017) . The number of items considered slightly varies across the four countries. In the survey, 9, 12, 10, and 9 items are surveyed in Vietnam, Peru, Ethiopia, and India, respectively.
To characterise the parental financial situation, we use the monthly household food and non-food expenditure per person. 4 Household affluence has been regarded as one of the significant socioeconomic factors creating inequality in health (Huda et al. 2017; Chalasani 2012) . Expenditure/consumption is regarded as a more suitable indicator for measuring household affluence than income because consumption is less susceptible to temporary economic shocks and seasonal events such as drought. The Young Lives project team calculated household consumption, using adult respondents' reports of food and non-food items with a recall period ranging from 15 days for food to 12 months for clothing ). The total expenditures were first converted to real monthly expenditures in 2006 local currency and divided by household size. We use the logarithmic of the monthly expenditure.
We also consider parental educational backgrounds as circumstantial precursors to inequalities. For the relationship between parental educational background and child development, a number of empirical studies report the existence of education-related health inequality (Levin et al. 2000; Currie and Moretti 2003; Chen and Li 2009 ). We measure the maternal and paternal educational backgrounds by years of education completed by a mother and a father, respectively.
We use maternal height (cm) to take account of both the heritability of height (Silventoinen et al. 2003) and its potential effect on child care. 5 The significant correlation between maternal height and child health is observed across the countries Ozaltin, Hill, and Subramanian 2010; Beard 2001; Gillespie 1997) .
Finally, we consider the history of negative economic, physical, and social events that households experienced. First, we make a continuous index as a simple average of a set of experiences that the household experienced when the children were infants. We consider the following eight shock histories: destruction/theft of crops, destruction/theft of livestock, becoming a victim of crime, crop failure, natural disaster, death of livestock, loss of a source of income, and decrease in food availability. After calculating the sample average, we reverse the scale so that a higher index value will indicate lesser shock experience. The descriptive statistics of these early-life circumstance variables in each country are shown in Table 2 . 
Method
The main analysis is composed of the following two steps. First, we use the K-means clustering approach to partition the children in each country into a few distinctive groups and investigate if there is a significant difference in height distribution across different socioeconomic groups. Second, we estimate how much of the total variation in height at each development stage is associated with early-life circumstances. We model the relationship between circumstances in childhood and height in each survey period with the random forest algorithm. These two steps are independent each other and all the analyses are conducted separately by country. More detailed procedure in each step is described in the following subsections.
Testing the existence of inequality of opportunity
In the first step, we examine whether there is a difference in height across different socioeconomic groups. We partition the children in respective countries into a few types, i.e., children who grew up in the same circumstances (Roemer 1998) . However, defining the types is not always easy when we take into account the multidimensional circumstance variables. In this paper, following the approach taken by Aizawa (2019), we cope with the multidimensionality of circumstances using the K-means clustering approach. The advantage of the clustering approach is that types defined by the clustering take account of the differences in unobservable characteristics as well as observed circumstance factors. The following explanation of the K-means clustering approach follows Aizawa (2019) .
Clustering is a data-driven technique to partition the observations into a pre-specified number of non-overlapping clusters so that the observations within each cluster group become similar to each other, while at the same time the observations in different groups differ from one another. We first specify the desired number of clusters K. Then, the Kmeans algorithm assigns each observation to one of the K clusters in such a way that the within-cluster variation, summed over all clusters, becomes as small as possible. In the K-means clustering, the within-cluster variation for the Kth cluster is calculated by the sum of all of the pairwise squared Euclidean distances between the observations within the Kth cluster, divided by the total number of observations in the Kth cluster. 6 Deciding the optimal number of clusters, K * , is an essential process in the K-means clustering. We seek the optimal number of clusters with the average silhouette method (Kaufman and Rousseeuw 1990) , which computes the average silhouette of observations for various numbers of K. As the average silhouette calculates how well each observation lies within its cluster, its higher value indicates a better clustering. The optimal number of clusters, K * , is the one that gives the highest average silhouette over a range of the cluster numbers (Kaufman and Rousseeuw 1990) .
After the K-means algorithm assigns each observation to exactly one of the K * clusters, we compare the height distribution across clusters. If a significant difference across clusters exists, it is a sign of the existence of inequality in child height related to the circumstances Trannoy 2008, 2009 ).
Measuring the inequality of opportunity
Empirical life-course frameworks
Empirically we consider the following life-course model in equation (1), where the child height at period t is determined by the investments that parents make and the circumstances. The investments can be interpreted as the inputs that influence the child height but are not regarded as the illegitimate sources of inequality. 7 Investments are influenced by circumstance factors, and circumstances at period t are path-dependent in the sense that they are partially dependent on the circumstances in a preceding period. Following Roemer (1998) , we regard the part of the inputs that are correlated with the circumstance as part of the effect attributable to the circumstance. This means that any variation of investments attributable to the circumstances is regarded as the part induced by the circumstances.
where H i,t is the child height in household i at period t = {1, 2, . . . , T }. E i,t and C i,t denote vectors of inputs and circumstance variables, respectively. The reduced form of equation (1) is simply described as
where C i,1 is the circumstance factors in early life.
Machine learning approach to measure inequality of opportunity
It is of paramount importance to estimate the health production function in equation (2) so that it can yield the most reliable measures of inequality related to early-life circumstances. According to Brunori, Peragine, and Serlenga (2019) , estimating the IOp can be understood as a prediction problem, and the authors suggest incorporating some of the machine learning techniques. According to Murphy (2012) , machine learning is "a set of methods that can automatically detect patterns in data, and then use the uncovered patterns to predict future data, or to perform other kinds of decision-making under uncertainty." Brunori, Peragine, and Serlenga (2019) discuss the importance of incorporating the perspective of a trade-off between bias and variance in estimating the IOp from the samples at hand. Bias is caused by under-fitting the model to the data, which is usually caused by a function that is too simple. Variance is caused when a model fits the data at hand too well. In general, the good predictive performance of a certain model in the samples does not necessarily guarantee that it also exhibits good predictive performance for the different samples. A very flexible and complex model can explain very well variations of the outcome in the sample at hand, but it may have poor predictive performance when out of sample, which is recognised as an over-fitting problem. Brunori, Peragine, and Serlenga (2019) especially emphasise the importance of selecting a model that maximises the ability of circumstances to explain the distribution of the outcome; they recommend the cross-validation method for model selection in order to balance the tension between under-fitting and over-fitting. The machine learning approach provides the conditional expectation function with high prediction accuracy and at the same time the least bias and sample variance.
This study employs the random forest algorithm. Random forest is one of the most popular supervised machine learning algorithms, and its high predictive performance is well recognised (Lantz 2015) . Random forest uses multiple regression trees, and they are thereby known as ensembles of trees. Each regression tree stratifies the explanatory variable space into distinct and non-overlapping regions. At each internal node in the tree, the algorithm makes a binary decision as to whether we move to either the left or the right sub-branch of the tree. Eventually, at a leaf node, the regression tree makes a prediction, which is simply the mean of the outcome values for the observations in each region.
The random forest builds a number of regression trees on bootstrapped samples, in which a random subset of explanatory variables is chosen each time as split candidates, and only the selected subset of circumstance variables is used to build a regression tree (Breiman 2001) . Repeating this process many times grows a forest of regression trees, and then the prediction of the random forest is achieved by finding the average of the predictions made by each regression tree. The random forest is non-parametric and can handle outliers well. Although the model is usually difficult to summarise visually because of multiple trees, it shows good predictive performance, especially with highly nonlinear data (Lantz 2015) .
In general, more flexible and complicated models can capture detailed variations in the data, but they tend to work poorly for out-of-sample forecasts in comparison to much simpler models. As we add more flexibility to models, the bias will decrease but the variance will increase. This is known as a bias-variance trade-off, which derives from the model's over-fitting to the in-sample observations. The machine learning approach is designed to find such a model that controls the bias-variance trade-off. We split the entire sample group into training samples and testing samples. The former is used to train a model and the testing samples are used for the estimation and prediction. We use 70% of the entire sample as the training samples and the remaining 30% as the testing samples. Our estimation of the IOp and prediction are based on these testing samples.
Parameter tunings with tenfold cross-validation
Machine learning entails tuning the model's parameters, which control the complexity of a model. It is essential in machine learning to tune model parameters in order to make sure the model has high out-of-sample predictive performance. The objective of parameter tuning is to allow the model to demonstrate the best balance between underfitting and over-fitting by seeking the optimal degree of model complexity. The parameter of the random forest is the number of randomly selected trees. In tuning the model's parameters, we apply the tenfold cross-validation method, which is a de facto standard in machine learning (Lantz 2015) .
The tenfold cross-validation first divides the set of observations in the training samples into 10 approximately equally sized folds. The first nine folds are used to construct/train the model, and the last fold is used as a validation set to measure the model's predictive performance. The root mean squared error,
is then computed on the N * observations in the validation set. This procedure is repeated 10 times; on each occasion, a different group of observations is treated as a validation set. Finally, we obtain 10 estimates of the test error, RM SE 1 , . . . , RM SE 10 , and the tenfold cross-validation estimate is then computed by averaging these 10 values. After repeating this process for various parameter values, we choose the best parameter value with the highest performance, namely the lowest average RMSE. We consider five parameter values for each parameter.
Prediction and inequality of opportunity measurement
After modelling the relationship between height in each period of time and circumstances during the infancy, we predict the height with the estimated model. When the modelled relationship at period t is expressed by f t (.), the predicted value, H i,t = f t (C i,1 ), yields the part of the height that is attributable solely to individual circumstance variables during the infancy. Hence, the inequality in H can be considered the one associated with any variation in the circumstances in early life, which corresponds to the IOp that we seek to estimate. Then we measure the proportion of the IOp to the overall observed inequality.
The prediction error, u i,t = H i,t − H i,t reflects individual unobservable circumstance factors as well as individual idiosyncratic characteristics, including individual efforts. Note that the inequality of this remaining part of the outcome unexplained by C 1 does not necessarily mean legitimate inequality, as the difference, H − H, reflects not only individual efforts but also circumstances not included in the regression model. In this sense, inequality in H should be regarded as the subset of the entire IOp associated with the circumstances in the model.
Results
Clustering of circumstances in childhood
First, we seek the optimal number of clusters, K * , for each country. Figure 2 plots the average silhouette width over a range of the cluster numbers, where the number of clusters that maximises the average silhouette is the optimal number of clusters. We find that for all countries, the average silhouette width method chooses two clusters. Figure 3 illustrates the mean values of eight circumstance factors for each cluster in each country. We find the clear between-cluster difference in the early-life circumstance variables; children belonging to the first cluster have more advantaged parental and household SES than those belonging to the second cluster with respect to housing quality, service access, consumption durability, maternal and paternal education, and household expenditure (p < 0.01). On the other hand, for maternal height and experience of shocks, the two clusters show relatively small mean differences, but they are statistically significant (p < 0.05) except in Ethiopia for maternal height.
Figure 2:
Average silhouette and optimal cluster numbers Next, the box plot in Figure 4 illustrates the between-cluster difference in the distribution of height at each developmental stage. The t-test shows that children belonging to the advantaged early-life circumstances cluster are taller on average than those belonging to the disadvantaged early-life circumstances cluster in all the points in time (p < 0.01). Significant between-cluster disparities in the proportion of stunted children are also found in every survey period in all four countries ( Figure 5) , where being stunted is based on whether the height is two standard deviations below the international reference median height for the same sex and age (WHO 2006) . The largest between-cluster disparity in the stunted population is found among Ethiopian boys at the age of 15 years as 30 percentage points (p < 0.01). The smallest between-cluster disparity is observed among Vietnamese girls as 5 percentage points (p < 0.05).
Figure 3:
Differences in circumstances between clusters Note: Each circumstance variable is rescaled so that each ranges from 0 to 1. More detailed analysis can be made by looking at the entire distribution of height. Looking at the entire distribution allows us to analyse the difference in the distribution that does not show up as the difference in mean. Figure 6 shows the estimated cumulative distribution functions at the age of 15. The Kolmogorov-Smirnov test rejects the equality of these two distributions in each country (p < 0.01). As well as the significantly higher means among children belonging to the advantaged household cluster, we observe that the cumulative distribution of the disadvantaged cluster lies above that of the advantaged cluster among boys in Vietnam, Peru, Ethiopia, and India and among girls in Peru, Ethiopia, and India, indicating the first-order stochastic dominance of the advantaged cluster over the disadvantaged cluster in respective samples. For girls in Vietnam, though we do not find the first-order stochastic dominance, the second-order stochastic dominance is observed.
Measurement of inequality of opportunity
In the second part, we first model the relationship between circumstances in childhood and height in each survey period with the random forest algorithm. In the random forest, an overall summary of the importance of each circumstance is measured by a reduction in total residual sum of squares (RSS) (James et al. 2013) . Random forest records total RSS reduction due to splits over a given circumstance, of which information can be used as a measure of the total decrease in node impurity that results from splits over that circumstance variable, averaged over all trees. A large value thereof indicates that a corresponding circumstance variable is an important determinant. Figure 7 shows the reduction in the RSS in the first survey round. The results for the other survey rounds are available in Table A -2 in the appendix. A larger value indicates that the corresponding circumstance variable made a large contribution in explaining any variation in child height. In all four countries, maternal height and household expenditure show higher reductions in RSS, followed by housing quality. Shock experience, service availability, and consumer durables indicate relatively smaller importance in explaining the variation in height. Also, we observe that both maternal and paternal educational backgrounds are important predictors for child height during infancy. Then we investigate how much of the total variation in height at each development stage is associated with early-life circumstances. Intuitively, if the circumstances during the infancy period have only a short-term contemporaneous effect, the proportion of IOp attributable to early-life circumstances should decay over time. On the other hand, if circumstances during the infancy period are forming long-term inequalities, the IOp proportion should be persistent until the early adolescence period. Figure 8 illustrates the trajectory of the IOp proportion among the testing samples, in which standard deviation is used as an inequality statistic. We find that in Peru, the part of inequality associated with circumstances is the lowest for both boys and girls across time. The heap in the IOp proportion is found in the post-infancy period (after age 5) in each country. For example, in Peru, the IOp proportion increased from 56.0% to 70.6% between the infancy period (age 1) and the pre-school period (age 5). In the early adolescence period, the IOp proportions show gradual declines but their speeds are very slow, thus resulting in persistent IOp. The result shows that even in the early adolescence period, around two-thirds of the total variation is attributed to the parental SES in childhood in Vietnam, Peru, and India. As a robustness check, we use other inequality statistics such as variance, Gini coefficient, coefficient of variation, and Theil index; we obtained consistent findings, albeit with variation in estimated magnitudes. These results are available in Figure A-1 
Height growth trajectory prediction
In the last step, we explore how much fully compensating for the circumstantial disadvantages during infancy could potentially improve child height growth and mitigate its inequality if we were able to totally remove the disadvantages of parental SES by levelling the playing field. This counterfactual exercise predicts the hypothetical height growth under the most desirable situation, where every household enjoyed the most advantaged circumstances during infancy. This hypothetical situation assumes that every child lives in adequate housing and has access to electricity, safe drinking water, improved sanitation, and safe cooking fuel. Also, we assume that every child has a mother and a father with university education attainments and experiences no negative economic and social shock. However, we do not make any assumption regarding maternal height because, in contrast to the other circumstance variables, maternal height cannot be changed by policy interventions. Figure 9 shows the trajectory of height growth, which plots the observed height levels and the predicted mean height levels under the hypothetical situation of the testing samples. The predicted outcome clearly shows the greater height growth under the hypothetical scenario for both boys and girls in all four countries. More detailed exploration is possible by taking a look at the entire distribution of the counterfactual outcome. Figure 10 plots the estimated cumulative distribution functions for the observed outcome and the predicted outcome at age 15. First, we find that the predicted outcome has smaller variance compared with the observed outcome. This is totally intuitive, as our counterfactual exercise, in essence, suppresses the distribution of the circumstance variables. For boys, standard deviations are herein reduced by 55. 4%, 57.3%, 51.1%, and 54.8% in Vietnam, Peru, Ethiopia, and India, respectively. For girls, reductions by 55.5%, 53.9%, 49.3%, and 55 .6% are predicted in the respective countries.
Second, we observe a relatively larger increase in height in the lower percentile of the distribution among boys in Vietnam and Ethiopia, and among girls in Vietnam, Peru, and India, suggesting that the compensation for the disadvantage with respect to the early-life circumstance environments could help shorter children catch up. In contrast, we observe relatively smaller or no improvement in the higher percentile of the distribution, implying that the compensation would be more effective for stunted children without exacerbating the existing inequality. Among boys in Ethiopia, for example, while full compensation would increase the 0.25th quantile of the distribution by 12.3 cm, it would increase the 0.75th percentile of the distribution by just 2.0 cm.
Figure 9:
Trajectory of height under the hypothetical situation
Boys Girls
Note: Only the testing samples are used for the trajectory prediction.
Discussion
Socioeconomic environments in the very early stage of life are of great importance for children's sound development, and the differentials in circumstances during the infancy period have a long-term implication for inequality in health status in the post-infancy period. In this sense, disadvantaged circumstances in early childhood create unjustifiable inequality in children's development. This study explores the IOp in child development across multiple socioeconomic domains in early childhood as precursors to inequalities in later life, exploiting the large-scale cohort study that contemporaneously tracks Vietnamese, Peruvian, Ethiopian, and Indian children over a 15-year period.
Our main findings are summarised as follows. First, the K-means clustering of the circumstance variables shows that there is a significant difference in height trajectory between clusters. Children with advantaged parental socioeconomic backgrounds are significantly taller than those with disadvantaged socioeconomic backgrounds in early childhood for both boys and girls in all four countries. The difference in height associated with early-life circumstances is persistent over time, and the significant difference remains even after children enter into the early adolescence period. The influence of early-life circumstances lingers even in the early adolescence period, forming long-lasting inequality in growth. Second, we measure the proportion of total inequality associated with the early-life circumstances at each development stage by the random forest. We find that the highest IOp proportion is observed when children are 5 years old, during which more than two-thirds of the observed standard deviation of height distribution are explained by the variation of early-life circumstances in Vietnam, Peru, and India. In particular, maternal height, household consumption, and housing quality turned out to be the top three most important predictive factors. Finally, we predict the height growth in the hypothetical situation where any circumstantial disadvantages in very early childhood are fully compensated for. This counterfactual prediction indicates that were the playing field to be levelled, child inequality at the age of 15 would be reduced to about half for both boys and girls.
The heap in the proportion of the IOp during the pre-school period could be attributed to the large amount of time that children spent exclusively with parents at home (West 1997) . During this period, children are the most exposed to parental controls and housing conditions. After this period, as the children begin to be exposed more to wider physical and cultural environments, we can attribute the gradual decline of the IOp after the pre-school period to the correspondingly diminished influence of parental and housing characteristics. Also, in the early adolescence period, as food choices are more diversified, the parental and housing characteristics in early childhood become less relevant. Certainly, we find the reduction in the proportion of the IOp after the pre-school period, but more than half of the observed variation in height after the pre-school period is still associated with the variation in circumstances in early childhood, suggesting that mitigating inequality at an early stage of development could have a long-lasting pay-off.
The results suggest that mitigating the IOp should require policies incorporating a life-course perspective and that policy-makers should make sure that children can equally enjoy better health irrespective of parental socioeconomic backgrounds. Earlier intervention targeting children with lower socioeconomic backgrounds must be a top intervention priority because the proportion of inequality attributable to early-life circumstances becomes the largest in early childhood at age 5. As the benefits of intervention accumulate over time, earlier intervention can be more cost-effective than interventions at a later point in time. Our prediction suggests that policies designed to compensate for disadvantages in earlier life can possibly enhance the long-term well-being of children in the form of improved health trajectories and mitigate inequality over the entire life-course. Alleviation of health disparity over the life-course would then contribute to ameliorating intergenerational persistence of social and economic disadvantages.
Conclusion
As a concluding remark, it is worth discussing the limitations of this study and future research extension. The first limitation is the possible underestimation of the overall inequality in child height. Although the Young Lives study reflects the various ethnic, geographic, and religious diversity of the population, its semi-purposive sampling oversampled the poor households (Barnett et al. 2013) . Given the positive socioeconomic gradient in child health, over-sampling the poor households could have resulted in the underestimation of overall inequality. Hence, the overall inequality estimated in this study should be interpreted with caution as the lower limit of the inequality.
Second, it is important to keep in mind that the IOp estimates in this study illustrate the part of inequality that is associated purely with the particular circumstances considered in the model. In our case, there are eight categories of circumstantial factors. Certainly, in the real world, circumstances beyond one's control are much more enormous. Speaking in the extreme, tens of thousands of genetic factors can also be considered to be non-ignorable circumstances from the perspective of children. Therefore, the estimated IOp shown in this study should be recognised as part of the entire IOp associated just with parental and household characteristics in early childhood.
Future research would be well served by exploring a wider array of outcomes beyond height development. Investigating the inequality in child cognitive skills and educational outcomes would complement our initial finding and give us a broader picture of the life-course IOp trajectory. Also, considering even wider circumstance factors is another promising extension. For example, given the argument that inequality in child health begins even at the prenatal stage (Almond 2006; Almond and Mazumder 2013) and in utero (Barker 1990 (Barker , 1995 Robinson 2001) , considering parental behaviours before childbirth would also contribute to obtaining more dynamic and fruitful policy implications. 
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